The quality of care in US hospitals continues to be in question. Medical errors persist at an alarming rate, despite extensive publicity and considerable research. The cost of these errors to patients, the healthcare system, and society is extremely high. Valuable research findings related to patient safety and quality outcomes have yet to be implemented widely. Thus, it was not surprising that Clancy 1 challenged health services researchers to move beyond simply focusing attention on healthcare problems to identifying possible solutions for implementing needed action.
particular context. As a result, managers faced with less than optimal patient outcomes often adopt the innovation ''du jour'' and then attempt to implement it across dissimilar patient care units or hospitals-frequently with widely disparate results. [2] [3] [4] This kind of organizational trial-and-error management can be expensive in implementation costs, as well as in patient outcomes. Research findings indicate that general ''one size fits all'' changes in organizations are less effective, less acceptable to workers, and take longer to implement than customized changes that consider worker perceptions and organizational characteristics. 5 Traditional analytic methods typically provide descriptive group level data (ie, the mean levels of measured independent and dependent variables for a particular unit, compared with others in the sample). This type of data allows a manager to benchmark a nursing unit's performance in terms of other units and may even suggest opportunities for change, but it is neither informative as to the effects of making a given change within that specific unit context, nor does it point out the possible interaction effects from making multiple changes. Finally, this kind of data is not helpful in determining how much improvement in outcomes is likely to result from a given amount of increase in a specific independent variable. For example, if the manager initiates a change that increases nurses' autonomy by five points on a reliable, valid instrument, how much impact can the manager expect to see on patient safety and quality outcomes?
One possible solution to these problems is computational modeling, sometimes referred to as computer simulation. The usefulness of computational modeling for building theory about organizational behavior and adaptation has been recognized for some time. 6, 7 Using computational modeling, researchers can create virtual organizations that correspond functionally to actual organizations and then test, in the virtual environment, the impact of various organizational changes on safety and quality outcomes. Virtual models can offer organizations and their subunits the ability to construct and test hypotheses, that is, ''what-if'' scenarios. Computational modeling also helps solve the problems cited above by enabling researchers to model complex systems, test the impact of multiple variables simultaneously, incorporate multiple levels of analysis (eg, organization, unit, individual), and study the impact of organizational changes over time. 8 Finally, computational modeling allows healthcare researchers to explore how contextual factors interact to constrain the impact of organizational changes on nurse practice patterns 9 or patient outcomes. 10 We have been using OrgAhead, a computational modeling program to simulate nursing units and then use the virtual units to test how nurse managers might improve quality and safety outcomes. After briefly summarizing our initial results, which have been reported elsewhere, 11, 12 we discuss the challenges we have encountered in the initial (''Impact'') study and our current ongoing ''DyNADS'' project and how we have resolved them and, in doing so, improved the functionality and usability of OrgAhead.
USING ORGAHEAD
OrgAhead is a computational modeling tool developed by colleagues at Carnegie Mellon University in conjunction with Netanomics (CarleyTech, Sewickley, PA). Using OrgAhead, researchers can model the current performance of an organization and then, after validating the model against actual performance, test (in the virtual model) the potential impact of various changes on organizational performance. 13, 14 Specifically, OrgAhead allows researchers to model organizational learning and performance over time, for example, examining how simulated changes in the organization's hierarchy, staffing levels, or task characteristics are likely to affect performance in the near and more distant future. OrgAhead can be used as a stand-alone system or as a subroutine in the *ORA network analysis package, also developed by Carnegie Mellon colleagues and Netanomics. Some of the questions that OrgAhead can address include (1) How do various constraints (eg, size, the number of resources staff can manage, and how much history or memory each staff member can retain) affect organizational performance? (2) Do structures of adaptive organizations (those that exhibit better performance) differ substantially from those that are maladaptive? (3) Does initial organizational training affect long-term performance? (http:// www.casos.cs.cmu.edu/projects/OrgAhead/).
OrgAhead typically models organizations as three-level hierarchies (eg, CEO, manager, analyst) in which a given agent receives information from subordinates or the environment related to a problem and then the top-level agent, or set of agents, makes the decision. Agents can only report answers to their superiors. There can be up to 15 agents per hierarchy level. The organization is presented with a set of decision problems that take the form of an array of 0 and 1 (the binary task condition) or an array of three digits, 1, 2, or 3 (the trinary task condition). In our application of OrgAhead, each of these arrays is considered a patient (or patient-related task). A decision rule establishes the correct answer a priori. Typically, the decision rule for the binary task is whether there are more 1 or 0 (ie, majority classification). For the trinary tasks, the decision rule is a function of the product of the array elements. The larger the array size, the more difficult it is to make an accurate decision. Answers can be yes/no (for binary choice problems) or yes/maybe/no (for the more difficult trinary choice problems). In the clinical setting, these tasks are analogous to deciding whether a patient is getting better or worse (in the binary task) or getting better, worse, or staying about the same (in the trinary task). Organizations may have greater or fewer resources (see more or less of each string), or more organizational memory (have previously encountered a larger number of patients). Depending on memory capacity and experience, organizations will learn to provide the correct answers-at least most of the time. After the final decision, all agents receive feedback as to the correctness of their responses. Organizational performance (or accuracy) is measured as the percentage of the virtual organization's responses that are correct (ie, matches the decision rule). Note 1 The organization is simulated over a large number of tasks, typically tens of thousands, so that (1) the organization has sufficient opportunity to learn to the best of its ability, as limited by its constraints and structure, and (2) the performance of the organization becomes stable enough to be conclusive. Researchers can use the simulation results to inform several stages of virtual experimentation aimed at identifying which changes (eg, increasing or decreasing specific staff positions, increasing training or resources, or decreasing task complexity) improve performance. These changes can be introduced individually or in combination.
We were the first research team to use OrgAhead in healthcare. Our ultimate goal is to develop a simulation tool that would allow nurse managers (and eventually other healthcare managers) to create virtual models of their units and then test the likelihood that changes they might make would improve quality and safety outcomes such as patient falls or medication errors. Briefly, in the Impact Study, data were collected from 32 nursing units in 12 acute care hospitals in Arizona. Hospitals that participated in the research included teaching and nonteaching hospitals, as well as public and privately funded hospitals ranging in size from 60 to more than 400 beds. To ensure a more comparable analysis across units, only adult medical or surgical units were included in the sample. We used the collected data to create virtual units that mapped well onto the actual units in terms of their functional (safety and quality) outcomes and then generated, for each of the nurse managers, a report that advised them which kinds of changes would be most likely to improve safety and quality outcomes on their units. Nurse managers found the recommendations extremely helpful in deciding what changes to make-or not make. 11, 12 The results of the descriptive analyses, path analyses, and linear regressions performed as part of the Impact Study provided managers with general insights into op-portunities for innovation. With descriptive data, managers were able to compare their own mean scores on each variable with those of other units. The results of path analysis and linear regressions identified patient and unit characteristics significantly related to safety and quality outcomes. By extrapolating between the magnitude of their unit scores on each variable and the importance of the variable to quality and safety outcomes, it was possible for managers to identify potential areas to target unit change. However, while these data did not provide the managers with any way to predict the potential effectiveness of targeting specific areas for change, computational modeling did.
Computational modeling adds value to the researcher's arsenal in two different ways. First, it provides a way to model the complexity and cross-level interactions of an organization. We were able to create virtual units that corresponded functionally to actual units and then run experiments in which different values of key variables were entered, and their relative effect on patient safety and quality outcomes assessed. Although most of our data were unit level, we were able to base the unit structure on the individual staff who worked there and also incorporate patient risk factors. Although we have not yet done so, it is possible to incorporate organizational-level variables as well.
Second, computational modeling allows researchers to make predictions about the kinds of innovations that might improve performance outcomes and, through further virtual experiments, estimate the amount of improvement that can be expected with each innovation, which then can be shared with nurse managers. These unitspecific data provide managers with a basis for evaluating which factors might be the most important to improve, based on their unit's actual data or the relative impact on the desired outcomes. Clearly, it is much more costeffective and less chaotic to test the impact of unit changes in a virtual environment before implementing on an actual unit, provided the mapping from the real world to the virtual simulation is accurate enough. We did not attempt to include costs in our modeling, but that too can be done.
A key strength of OrgAhead is its theoretical underpinnings, which contribute to its ability to accurately model reality using a limited set of variables. The results we provided to nurse managers in the Impact Study resonated with their experience and intuitions. In addition, the managers found the data useful for planning purposes. Because, in some cases, up to 2 years had elapsed from the time in which the data were collected to when we were reporting simulation results, some unit changes had already occurred. In those cases where the change was one that we had modeled, managers were able to provide some validation for the predicted outcomes. For the highest performing units, we were able to tell them which changes to avoid-and the managers perceived this as equally valuable. 1 In OrgAhead documentation, ''accuracy'' is referred to as ''efficiency.'' However, the definition is more consistent with the term, accuracy; and efficiency is more consistent with what OrgAhead terms completion ratio. Therefore, we prefer using the more intuitive term ''accuracy'' to refer to OrgAhead's ''efficiency'' measure and have done so here. We do use the term completion ratio throughout the article.
In summary, computational simulation is a valuable tool that allows researchers to create virtual organizational models that correspond functionally to actual organizations and then to generate predictions about the impact of changing particular organizational characteristics. When combined with traditional analytic tools, these simulations provide actionable information to managers which can enable them to make intelligent, data-based changes on their units that have the best chance of improving patient safety and quality outcomes. Because we were adapting OrgAhead to a new domain, we encountered a number of challenges, both in the initial study, which was essentially a feasibility study, and in our current project, which aims to simplify the approach such that OrgAhead can become a simulation tool that managers can use themselves. In the following section, we describe the challenges we have encountered along the way and how we resolved them.
CHALLENGES AND SOLUTIONS

Challenge 1. Mapping the Variables
In our initial study, we collected data (based on current research) from nursing units to identify the hospital, patient, and nursing unit factors that affect patient safety and quality outcomes (our first study aim). Doing so involved collecting a very large set of data from nursing staff, patients, nurse managers, quality management, and information services. We identified a set of variables that nurse managers could reasonably be expected to be able to modify that were most likely to affect the patient outcomes we were examining (nursing unit fall and medication error rates and, for patients ready for discharge, their self-reported satisfaction with care received, as well as their estimated simple and complex self-care ability, and their estimated symptom management capabilities). With these results, we intended to simulate virtual units, using OrgAhead, so that we could use predictive modeling to identify, for each unit, the most promising and practical changes to improve outcomes.
The OrgAhead simulation has two major outcome variables: accuracy and completion ratio. Accuracy is defined as percentage of tasks for which the team provided the correct answer. Completion ratio is defined as the degree to which agents (and the organization) have the resources required to make accurate patient decisions. 12 Ultimately, we mapped safety outcomes onto accuracy and quality onto completion ratio. OrgAhead has a number of parameters, or input variables, which required much care in setting because we wanted the model to accurately reflect the nursing units. We spent considerable time defining the data variables and identifying the relevant OrgAhead variables and then mapping one onto the other. In some cases, we used composite variables that made sense conceptually to map onto an OrgAhead variable or parameter. See the Table for the variables  mapped in the initial Impact Study. During the mapping process, we found that a number of our research variables seemed to relate to the complexity of the work in which nursing staff were engaged. Because task complexity appeared to be a generic construct that could be useful in many settings, it was added to OrgAhead's repertoire. In the end, task complexity incorporated patient characteristics (ie, number of comorbidities, age, and insurance) that, in our data, were important predictors of patient safety outcomes. Task complexity also included unit characteristics such as turbulence that were found to be predictive of patient safety outcomes and assumed to contribute to the complexity of care. Our experience suggests that when OrgAhead is applied outside the domain for which it was initially intended, careful attention must be paid to the mapping of available data to OrgAhead variables.
Challenge 2. Validating the Model
Validation is an important step that frequently is omitted by researchers, but is essential if the simulation results are to be trusted. Our validation procedure in the Impact Study entailed comparing the observed total reported medication errors and falls (with and without injury) for the 32 units with their corresponding accuracy (efficiency) measures in OrgAhead. In addition, we compared performance on quality outcomes (simple self-care, complex self-care, and symptom management) with the corresponding OrgAhead variable, completion ratio. For each of the units, values of task complexity, standard operating procedures, and training period variables were set based on the observed data. These particular variables were selected for testing because causal modeling showed they had a statistically significant impact on medication errors or patient falls. Although the number of staff simulated varied according to the actual unit data, we kept the amount of information each hierarchical level (ie, RNs, LPNs, patient care technicians [PCTs], and unit clerks) could access the same and also kept the hierarchical structure the same across units. We then rank ordered the virtual and actual performance measures and compared them using correlation statistics. The correlation of safety outcomes with accuracy was surprisingly high (0.83) for this type of work, and the correlation of quality outcomes with completion ratio was also acceptable (j0.62). 12 Typically, validation can be done using either the actual performance values or the rank order of unit performance. Our sample size in the Impact Study allowed us to use both metrics. In our current DyNADS study, our sample size is much smaller (7) , so we are limited to rank order correlations.
Challenge 3. Streamlining Data Collection
Our ultimate goal is to put a simulation tool on nurse managers' desks. In the Impact Study, we had collected a variety of data based on published research about possible hospital, unit, and patient variables that might affect patient outcomes on nursing units. We recognized that hospitals could not reasonably be expected to collect this amount of data. Therefore, we needed to streamline data collection considerably. This became an explicit goal of the DyNADS study. To achieve the goal, we collected essentially the same data as in the Impact Study (with the addition of managerial support, which was based on new research findings) so that we could compare the full data set with the streamlined version to ensure that it was functioning equally well. We developed a novel procedure for streamlining that reduced the number of staff variables from the original 158 to 74. 15 Because some of the initial data we had collected were not being used in the simulation, we were able to further reduce the number of scales by four and the number of items to be collected from nurs-ing staff to just 32. To compare the initial and streamlined data sets, correlations were run between the OrgAhead safety and quality metrics using the original set of variables and the streamlined set of variables. For the safety variables, the correlation was 0.82; for the quality variables, the correlation was 0.98. Thus, the streamlined set of variables was as effective as the full set of variables. 16 In the DyNADS study, we also assessed, as part of a cognitive work analysis, precisely what data hospitals are already collecting from patients and staff that might reduce the need for additional data collection. 17 Future studies will be needed to determine the extent to which these hospital data can be substituted for the survey data we have been collecting. Given the recent focus on aligning outcome data across agencies to facilitate both collection and comparative analysis, 18 this will be extremely important.
Challenge 4. Generalizing the Model
We had built our initial simulation on the basis of the 32 units in the Impact Study. In our current DyNADS study, we have only seven units and are using the streamlined set of data for modeling. The small number of units has made it impossible to use composite variables comprising multiple data elements, which were defined in the Impact Study based on relationships in a factor analysis. Therefore, we had to go back to the mapping step and reconfigure the model. The Table compares the OrgAhead variables used in the initial (Impact) study with those used in the current (DyNADS) study. As we mapped variables, we discovered that OrgAhead had been configured using the data ranges and relationships collected in the Impact Study. If the model were to be generalizable beyond a given set of units, we would need to normalize the data used for input variables and rescale the normalized values to a range that fit within OrgAhead's acceptable values. 19 Ultimately, this process also required modifying the simulation algorithms and reprogramming the applications so that the results would generalize to any sample.
Challenge 5. Increasing the Usability of OrgAhead
Computational modeling tools, such as OrgAhead, were developed for organizational and simulation researchers. The language used in OrgAhead is not at all familiar to healthcare professionals. Therefore, we have had to modify the simulator language to be more easily understoodwithout losing all meaning for researchers, programmers, and others. Similarly, the terms used by the nurse researchers on the team were not always understandable to the technical members of the team so we have spent additional time defining these terms. In the future, we intend to conduct a variety of usability studies with anticipated DyNADS users to determine whether the current terminology is understandable.
Challenge 6. From Hierarchy to Network
OrgAhead's structural model is that of a simple threetiered hierarchy in which the chief executive is at the top and makes the final decision based on the judgments of the persons reporting to him/her. In the Impact Study, the hierarchy was modeled such that RNs were the final decision makers, followed by PCTs and LPNs, then unit clerks. This was problematic for several reasons. Initially, the number of staff made the model too large for OrgAhead to process; the application could not run. To counter this, we ultimately ran the model with one-third of the actual staff. Additional optimization of the model has helped, but we are still running the models with one-half the staff-something we ultimately hope to resolve. Second, the hierarchical model did not reflect reality; nursing units are typically structured as several smaller teams and appeared to be much more decentralized than the hierarchy indicated. Furthermore, we had created the hierarchical structure we used based on intuition and experience, but not on data. Unit clerks have a unique set of information and are central figures to the general management of the unit-but do not fit well into the direct patient care configuration. In the DyNADS study, we are experimenting with incorporating a network communication model, based on empirical staff network data, and deriving the hierarchical structure from the network model. 20 This too is challenging. First, we had to integrate *ORA, the network analysis tool, with OrgAhead, which required extensive programming. Second, we had to determine how to derive the OrgAhead hierarchy from *ORA. Although *ORA has within it a hierarchy measure that can even be visualized, that did not mean that it would be usable within OrgAhead. The data for *ORA were collected by shift on 2 separate days; we had to determine whether to model by shift or by day. We decided to start with shift for the day with the best response rate to minimize gaps in the network. When multiple staff communicated with others, we needed to devise some type of heuristic or algorithm to break ties (as when two RNs and two PCTs reported to another RN). All of this has required extensive work by both the *ORA and OrgAhead programmer/analysts. Several technical reports have been written to document the thinking and changes made to the model. Despite these changes, OrgAhead still uses a hierarchical model.
Challenge 7. Matching the Problem Set to Nursing Units
When we were able to increase the number of staff in the OrgAhead hierarchy without compromising performance, we simultaneously lost the variability in performance because now the underlying computer task measuring organizational performance was too simple, given the additional human resources available to solve it. Therefore, we adopted the more complex trinary task.
Challenge 8. Modeling Takes Time
The Impact Study (from data collection to reporting) took more than 2 years because of the mapping, calibration, fine tuning, and virtual experiments that were needed before we could report our findings and recommendations to nurse managers. This turned out to be both problematic and serendipitous. Some nurse managers had changed positions, and some units had changed radically in terms of location, patient population, or physical configuration, which made our recommendations less timely than ideal. However, some of these unit changes were fortuitous because they mirrored our recommendations and therefore served as informal use cases in which to test the validity of our predictions. Even in the DyNADS study, the simulation process has taken more time than anticipated because the streamlined variables necessitated changes to the computational model, which, in turn, have required " and $ testing with the actual data. OrgAhead allows batch execution, so we now can run sequences of virtual experiments in which we vary multiple variables stepwise so that we can determine the most effective combination of changes to improve outcomes. Clearly, conducting the experiments one at a time is not the most efficient way to accomplish this.
Challenge 9. The Need for More Specificity OrgAhead has only two performance measures, accuracy and completion ratio. In each study, we mapped multiple actual outcomes onto each of these. However, the variables that can be changed within OrgAhead are more specific so that we could suggest to nurse managers that modifications in nursing culture would likely be more helpful than increasing staff, for example. This procedure has been problematic in the second study because performance on the two safety outcomes (medication errors and patient falls) varied radically among the seven units, and consequently, an intervention that might reduce patient falls might potentially increase medication errors. Further research will be needed using a much larger sample to see if this issue persists. Ultimately, we hope to modify the tool so that we can provide more detailed recommendations.
CONCLUSION
We have described our use of OrgAhead, a computational modeling simulation tool initially developed for business applications, to healthcare. In our initial application of the tool (the Impact Study), we used data collected from 32 units to simulate virtual models of each unit and then used OrgAhead to generate predictions about what nurse managers might do to improve safety and quality outcomes. Our initial application of OrgAhead was more successful than we had dared to dream. We were able to validate the model and generate useful predictions. However, we encountered challenges at each step of the process. Our second application of OrgAhead (the DyNADS study) has presented new challenges because of the smaller sample size, differences in the streamlined data set, and the need to ensure that the model is sufficiently generic to be widely applied.
In summary, simulating organizations through computational modeling is a valuable tool for researchers that we are attempting to simplify in such a way that it can be put on the manager's desk. Ultimately, we anticipate that managers in a variety of settings will be able to test innovations and changes in a virtual world before they go to the time and expense of implementing them in real life. However, additional research and development are needed before it will be practical for use by nonresearchers.
